ABSTRACT Multimodal wireless sensor networks (WSNs) consist of variable types of sensor nodes can do many important applications, such as environment monitoring, health care, and target tracking. In this paper, we utilize the multimodal WSN to keep track of targets in 3-D space. All the nodes in the network are different. They can be pyroelectric infrared nodes, radio frequency nodes, nodes with cameras, and so on. Based on this, we assume each of them varies in battery, mobility, and target recognition performance. To achieve a better performance of target tracking in the multimodal WSN, we propose a node moving strategy. Genetic fuzzy tree is employed in this paper. It is a two-layer fuzzy tree system (FTS) optimized by the genetic algorithm. The first layer gives a score to each node and selects the moving nodes. The second layer then controls the moving distances. The Pittsburgh genetic algorithm is used to optimize the whole rule base and data base of the FTS. Simulation results prove that the tracking error can be reduced applying our approach.
I. INTRODUCTION
Multimodal WSNs are more and more popular in our daily life, especially for some applications of ambient assisted living [1] , health care [2] and environment monitoring [3] . They are characterized by the varied types of nodes deployed in them. The nodes can be acoustic, optimal, radio frequency (RF) and so on. They supply different kinds of data together to solve the complex real-time applications. This has many advantages over single modal WSNs. Reference [4] proposes a two-tier WSN to conduct the video surveillance. It utilizes the camera nodes and infrared nodes together to detect human presence. Body sensor networks are special multimodal WSNs using different physiological and medical sensors for tracking the health conditions of human. Reference [2] focuses on the multimodal data analysis techniques for real-time health care. In this paper, we will apply the multimodal WSN in target tracking. Target tracking is an important application of the WSNs. There are mainly three kinds of schemes proposed in recent years [5] : tree-based tracking, cluster-based tracking and prediction based tracking. For the tree-based tracking method [6] , [7] , the topology of the network is represented as a graph, all the nodes and links between them are organized in a tree. Clusterbased approach [8] tracks the target by dynamically building clusters according to the movements of the target. Predictionbased algorithm [9] depends on the two schemes. In addition, it predicts the movements of the target to save energy. Reference [10] proposes a unmanned-aerial-system (UAS) to securely keep track of targets equipped with radio frequency emitters. It employs the log-normal shadowing and path loss model in a wireless communication vision.
The nodes in the tracking protocols mentioned above are designed steady to save energy. However, there is a weakness that the batteries of some nodes (cluster head) are used up soon because they take on too much upload of the networks [11] . Then, the mobility of nodes proves to be an efficient way balancing the upload of the networks and prolonging the lifetime as well [12] . Later researches mainly focus on how the mobility of nodes realizes the coverage and connectivity issues [13] , mobility-aware MAC [14] , [15] , data collection [16] and node localization [17] . According to the applications mentioned, the key problems of mobile networks are the mobility models and path planning of the moving nodes. The mobility models of WSNs can be divided into individual models and group models based on whether the positions or the moving modes of the nodes are independent or not. There are many researches on individual models. They can be further categorized as memoryless models (Random Way and Random Waypoint, etc), memory models (for example, Gauss-Markov) and environmentaware models [18] . As for group moving models [19] , [20] , the relevant papers are much more less due to the complexity of them. That is similar to the path planning issues. Few methods of path planning for a group of moving nodes are proposed compared with that for a single node. There are mainly three approaches put forward by Chen et al. [21] and Wang et al. [22] : Centre location-based, Direction-based and Tree-based algorithms. As we know, path planning for a group of moving nodes has advantages in optimizing task allocation of the networks and reducing the delay of data collection. However, this adds an extra dimension compared to single moving node, leading to an increase of computational complexity.
In this paper, we propose a node moving strategy aiming at improving the performance of target tracking in the multimodal network. The contributions of this paper are:
1. We introduce a universal multimodal WSN in threedimensional space. Each node gets values of power, mobility and target recognition performance. They are all set in the range (0, 10). Two nodes having the same values are assumed the same type. All the nodes in the multimodal network cooperate together to track the target. 2. The fuzzy tree system (FTS) is employed to determine which nodes move and how they move, including the moving distance and direction. It consists of two fuzzy inference system (FIS) cascading like a tree. The first FIS named moving nodes selection FIS gives a score to each node in the network and selects the moving nodes according to the scores. Then, the path planning FIS controls the moving distance for each moving node. Their moving directions are decided by the moving target. 3. To achieve the best performance of target tracking in the multimodal network, we use the Pittsburgh genetic algorithm to optimize the FTS. For Pittsburgh approach, the whole rule base and data base of the FTS are coded as an individual. During the evolutionary process, an improved genetic algorithm is introduced to fasten the speed of evolutionary process. The initial population is generated according to some expertise rather than randomly.
II. ARCHITECTURE OF THE MULTIMODAL NETWORK FOR TARGET TRACKING
In this section, we present the node moving model of the multimodal network in three-dimensional space. As is shown in Fig.1 , there are N s nodes deployed in the three-dimensional sensing area. For simplicity, they are all represented by the black dots in the figure. Note that they are equipped with varied types of sensors. Different kinds of data are gathered together to track the target showing up in the network. For example, pyroelectric infrared (PIR) sensors are used to detect the presence of the target, the radio frequency (RF) sensors can obtain their distances to the target, and the camera sensors are able to precisely recognize the target. However, once the target are faraway from the nodes, the tracking performance of the network may be poor (especially for the nodes with camera sensors). To solve this problem, we may select some nodes in the network moving towards the target. The black square in Fig.1 stands for the target at time t and it moves at a constant speed. Suppose time is divided into discrete units, we need to locate the target's position at time t + 1. Assume that the movements of the target in a single time unit can be predicted well (this can be realized by the Recursive Least Squares algorithm) and the red square shows its predicted position at time t + 1. The black triangles are the nodes selected moving towards the target and the red triangles stand for the new positions of them after move. As for how to select the moving nodes and control their moving paths, it will be mentioned in the next section. These can be conducted by the two-layer FTS very well. In the following part, we will demonstrate some principals that the moving nodes should obey to improve the performance of target tracking.
A. DEMONSTRATIONS OF THE NODE MOVING PRINCIPALS
In this paper, we use a range-free localization algorithm named Centroid [23] . For conciseness, we assume the nodes have identical sensing range r, and the target can be detected by the node when their distance is less than r. Suppose N nodes have detected the target at time t +1 and their positions are (x i , y i , z i ), i = 1, 2, ..., N . Then, the localization of the target is:
The N nodes are inside the spherical area of Fig.1 and the red dot stands for the estimated position by using the VOLUME 6, 2018
Theorem.
Proof.
(
Centroid algorithm. d is the tracking error of the static network. Then, to improve the tracking accuracy, we choose N m nodes outside the spherical area moving towards the red square. In order to decrease the tracking error, d i of the moving node i (i = 1, 2, ..., N m ) should be less than tracking error of the static network. d i is the distance between the target and node i after the moving process. The proof is shown as follows.
Assuming the target locates in (x, y, z) at time t + 1, N nodes in the network have detected the target. As is mentioned before, the estimated position of the target is L e in (1). Then, the tracking error before the move of nodes is shown in (2) , as shown at the top of this page.
Suppose that N m nodes are selected moving towards the red square and their new positions are (x N +i , y N +i , z N +i ), i = 1, 2, ..., N m . Moreover, they all locate in the spherical area and the distance between each node and the target is less than E r in (2). The newly estimated tracking error of the target is shown in (3) , as shown at the top of this page.
Until now, the proof of the tracking accuracy improvement can be modeled as the problem in (4) , as shown at the top of this page.
In this subsection, we use the triangular form of the Cauchy Inequality and Induction Theory to solve this problem. First of all, Cauchy Inequality is introduced in (5) , as shown at the top of this page, and the proof is shown in (6) , as shown at the top of this page. Based on the the Cauchy Inequality, we use the Induction theory shown in (7)- (9), as shown at the bottom of the next page.
According to the induction steps above, we can get a conclusion that F(k) E r is always true for ∀k 1. Then, for (3):
Therefore, the tracking error of the target after moving of the nodes is smaller than that of the static network. This proves that the node moving strategy can improve the tracking accuracy.
III. THE NODE MOVING STRATEGY USING FUZZY TREE SYSTEM
In this section, we will show how the FTS selects moving nodes in the multimodal network and controls their moving paths. Considering fuzzy system, it is a convenient tool to process the complex and nonlinear dynamic systems which can't be modeled in math. Moreover, the FTS is designed to simplify the rule base of a single complex FIS. The twolayer FTS is shown in Fig.2 . Two cascading fuzzy inference systems (FIS) make up of the FTS. The top moving nodes selection FIS selects the moving nodes in the multimodal network according to the status of each node. Once the moving nodes are determined, the bottom path planning FIS controls the moving paths of the selected node.
A. MOVING NODES SELECTION FUZZY INFERENCE SYSTEM
This FIS is used to selects which nodes move, and the others keep steady. Just mentioned in I that all the nodes are assumed variable and they obtain multimodal data. As a consequent, they may be different in energy consumption, mobility and target recognition performance. For example, the node with PIR sensors has lower energy consumption than the node with RF sensors. The node with camera sensors has the best performance of target recognition while it is not convenient to move fast. Without loss of generality, we set the multimodal nodes with different values of energy, mobility and target performance.
As is shown in Fig.2 , the dump energy, mobility and recognition performance of each node are chosen as the antecedents of the moving nodes selection FIS. The consequent is the evaluation score of each node. The linguistic variables representing the antecedents and consequent are divided into three levels: low, moderate, high. Thus the total number of fuzzy ''If-Then'' rules is 3 3 = 27. The initial membership functions (MFs) of the antecedents and consequent are shown in Fig.3 . The score of each node is calculated as follows:
This is a fuzzy type-1 system with singleton fuzzification, ''IF-THEN'' rules and center-of-sets defuzzification. x 1 , x 2 , x 3 are the three antecedents range in (0, 10).
. N m nodes with the highest evaluation scores form the group of moving nodes and
Step 1: For k = 1,
Step 2:
VOLUME 6, 2018 the rest of the nodes remain stationary. Moreover, both the moving nodes and stationary nodes keep active during target tracking. 
B. PATH PLANNING FIS
After selection of the moving nodes, the FTS goes to the second FIS planning paths of the selected N m moving nodes. In three-dimensional space shown in Fig.4 , A and C represent the positions of the target and a moving node at time t, respectively. B is the predicted position of the target at time t + 1. The curve AB is the locus of the target. To achieve a better tracking accuracy of the target at t + 1, the node moves towards B. The distance d AC between the node and the target at time t, the moving distance d AB of the target are antecedents of the second FIS. The consequent represents the planning distance of each moving node. Assuming that − → CB = (X CB , Y CB , Z CB ), the azimuth angle α a and elevation angle α e of the node can be computed as:
Similarly, the linguistic variables representing the antecedents and consequent of the second FIS are divided into three levels: short, moderate, high. Fig.5 shows the MFs. Note that the input set of antecedents MFs and output set of consequent MFs are all normalized to (0, 1). The calculation of the consequent is similar to that of (11). 
IV. GENETIC OPTIMIZATION OF THE FUZZY TREE SYSTEM
As is mentioned in II, the tracking error can be reduced when each moving node satisfies the given condition in (4). However, this can not be guaranteed with the FTS whose rule base is constructed by the expert system. To achieve better performance in target tracking, the Pittsburgh genetic algorithm is employed to optimize the FTS proposed in the node moving strategy, especially the rule base and data base. Considering Pittsburgh approach, it is a convenient algorithm to get the optimal FTS, and the chromosomes can be easily built by it. Each individual of the generation represents a complete FTS. In the end of the evolutionary process, the best individual is chosen as the final FTS for the moving strategy. After optimization of the Pittsburgh algorithm, the FTS of the node moving strategy can make each moving node satisfy the given condition.
A. STRING STRUCTURE OF THE FUZZY TREE SYSTEM
In genetic algorithms, all the operators are done on the chromosomes. Each chromosome is an individual and it is represented by a string of binary or decimal digits normally. In this paper, decimal coding is utilized for its advantage in string length. For simplicity and conciseness, each individual has the same length. Table 1 (RB and DB are short for rule base and data base, respectively) shows the exact string structure of the FTS in Fig.2 . Antecedents and consequents of the first and the second FISs are shown in Table 2 and Table 3 respectively. All the membership functions are set Gaussian and only the center of them are tuned. Table 4 shows the number of digits of each part, then the total number of digits of each chromosome is 57. An example of the chromosome is ''12101111210212212212222222211110211012734322764 9754565465''.
The first 27 digits correspond to the rules of the moving nodes selection FIS. Among them, '0' stands for high score, '1' represents moderate score and '2' means low score. Then, next 9 digits represent the rules of the path planning FIS. Similarly, '0' stands for moving far, '1' represents moving moderate and '2' means moving near. The rest digits stand for the center of membership functions of the two FISs. In this paper, the initial position of each MF is taken as the reference position. '5' means no shift compared to the reference position. Higher number means a right shift with a maximum magnitude of 2 scales corresponding to the number '9'. Smaller number means a left shift with a maximum magnitude of 2 scales corresponding to the number '0'.
B. FITNESS FUNCTION DESIGN TO OPTIMIZE THE NODE MOVING STRATEGY
The fitness function is to evaluate the performance of the individuals constructed in section IV-A. Generally, well performed individuals have higher fitness values and they are more probable to be reproduced to the next generation. There are two principals for the design of the fitness function in the FTS proposed. Firstly, the total scores of the N m moving nodes should be as high as possible. Secondly, section II has proved that the tracking accuracy can be improved when the distance d nt between each moving node and the target after moving is less than E r in (2). Thus, we should introduce a punishment mechanism for each moving node in the fitness function. The fitness function is shown as follows:
In (13), p i represents the score of a moving node i. q j is the punishment value measured by the punishment mechanism. q j equals to 1 when d nt is greater than E r . This means a mission failed for the node. If else, q j equals to 0. w i represents the score weight and w i is the punishment weight. In the simulation part, we set the two numbers w i = 1, w j = 5. The GFT should evolve towards the maximum value of the fitness function.
C. EVOLUTIONARY PROCESS TO FIND THE BEST PERFORMED FTS
The evolutionary process is to find the best performed FTS so that it can guarantee the the given condition in (4). Thus, this leads to the reduction of the tracking error in the heterogeneous WSN. Fig.6 shows the evolutionary process. There are mainly three genetic operators during the evolutionary process: selection, crossover and mutation. The selection operator is to choose some better individuals from the current generation as parents to produce the next generation. The crossover operator is used to produce the child individuals for the next generation by exchange some parts of the parents. Mutation occurs with the process of crossover to increase the diversity of the population in next generation. In this paper, we utilize an improved genetic algorithm. It is shown in Fig.7 1. Initial population: Assuming the initial population size is M . Considering that the randomly generated rules may be unreasonable, we get an individual according to the expertise. Then, this individual is chosen as a matrix.
The first 36 digits of it has 30 percent probability ±1, 20 percent probability stay unchanged. The rest digits of it has 10 percent probability ±2, 25 percent probability ±1 and 30 percent probability stay unchanged. The other M − 1 individuals come into being based on this approach. 2. Selection: Choosing n individuals by the Roulette Wheel Selection. They are ranked according to the value of fitness. Two individuals having the largest fitness values reproduce to the next generation directly. Two individuals having the smallest fitness values are replaced by two new individuals. The new individuals are generated from the two best fit individuals using the approach mentioned in the former step. 3. Crossover: Each of the remaining n − 4 individuals matches with another in random. The matched individuals do one-point crossover with a probability of P c . 4. Mutation: Apart from the two best fit individuals and newly generated individuals, others in the population do the mutation operator with a probability of P m .
V. PERFORMANCE EVALUATION BY SIMULATION
In this part, we will show some simulation results to prove that the tracking error can be indeed reduced by the node movstrategy proposed for the multimodal WSN. The network is deployed in a 50km × 50km × 50km cubic area. Three network-wide parameters are studied for the influences on the target tracking error:
• N s : number of the nodes deployed in the network.
• N m : number of the moving nodes selected by the moving nodes selection FIS.
• r: sensing range of the nodes, its unit is the same as the side length of the deployed cubic area. Fig.8 gives a simulation scenery for the nodes moving in three-dimensional space. There are 50 nodes with multimodal sensors (blues dots) deployed in the sensing area. The red dot and black dot represent the target's position at time t and t + 1, respectively. The black square and red hexagram are the nodes selected to move. Their new positions locate at the black circle and red circle. From Fig.8 , we can see that the selected nodes are much closer to the target after the moving process. Fig.9 shows the changes of the average fitness with generations. For the genetic algorithm, we do 50 generations of iteration and there are 20 individuals in each generation. The crossover probability is 0.75 and the probability of mutation is 0.01. From Fig.9 we can see that the average fitness converges to 16 in around 10th generation. Thus, the Pittsburgh genetic algorithm can find the optimal FTS for the node moving strategy very fast. From the four lines we can see that the tracking error can be reduced about 0.4r − 0.5r with the node moving strategy. Moreover, the four lines almost all peak at the point r = 1.8km. This means that the network performs worst when the sensing range is r = 1.8km in our simulation. Fig.11 compares the tracking error E r with varied number of nodes N s . The sensing range r = 2km. As we can see from the figure, the tracking error increases with the number of nodes N s . However, the amount of increase is not much. Considering the tracking error influenced by the number of moving nodes N m , N m = 3 has a better performance than N m = 1 and N m = 5. Apparently, they all improve the target tracking performance compared with that of the static multimodal network. Moreover, Fig.12 compares the computational cost with different N s and N m . The computational cost is measured by the seconds needed to do one complete simulation in Matlab. The CPU is i5-6600 3.30GHz. This figure shows that the computational cost increases with the number of nodes N s linearly. However, the increase of the selected moving nodes N m doesn't induce much extra cost.
VI. CONCLUSION
This paper proposes a novel node moving strategy aiming at improving the performance of target tracking in the multimodal WSN. Firstly, we give a mathematical model of the multimodal WSN. All the nodes deployed in the network are represented by three values measures their dump energy, mobility and target recognition performance. Then, the twolayer FTS can select the moving nodes and control the moving paths of them. The Pittsburgh genetic algorithm is utilized to optimize the proposed FTS so that the network can achieve the best performance of target tracking. In the simulation part, the tracking error is considered as the evaluation of the target tracking performance. We compare the tracking error of the network after the movements of the selected nodes with that of the static network. Simulation results show that the tracking error can be reduced more than 50% and the increase of the selected moving nodes number doesn't induce much extra cost.
